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Abstract
Online communities are becoming increasingly important as platforms for large-scale
human cooperation. These communities allow users seeking and sharing professional skills
to solve problems collaboratively. To investigate how users cooperate to complete a large
number of knowledge-producing tasks, we analyze Stack Exchange, one of the largest
question and answer systems in the world. We construct attention networks to model the
growth of 110 communities in the Stack Exchange system and quantify individual answering
strategies using the linking dynamics on attention networks. We identify two answering
strategies. Strategy A aims at performing maintenance by doing simple tasks, whereas
strategy B aims at investing time in doing challenging tasks. Both strategies are important:
empirical evidence shows that strategy A decreases the median waiting time for answers
and strategy B increases the acceptance rate of answers. In investigating the strategic per-
sistence of users, we find that users tends to stick on the same strategy over time in a com-
munity, but switch from one strategy to the other across communities. This finding reveals
the different sets of knowledge and skills between users. A balance between the population
of users taking A and B strategies that approximates 2:1, is found to be optimal to the sus-
tainable growth of communities.
Introduction
Humans are unique in their ability to create public goods in non-repeated situations with non-
kin. In larger groups cooperation is more difficult due to the higher temptation to free ride on
the voluntary contributions of others [1]. Nevertheless humans are able to create public goods
with thousands and even millions of unrelated individuals. For example, there are an increasing
number of online communities where participants put in time and effort to make voluntary
contributions such as street maps [2], software [3], encyclopedic information [4], protein fold-
ing [5], and language translation [6].
Online communities are natural experiments that give us an opportunity to test possible
mechanisms that explain cooperation in large groups. Controlled online experiments show
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that if participants can choose group members higher levels of cooperation can be derived [7].
This suggests that assortment is a sufficient condition to derive cooperation in large groups.
However, such experiments have a duration of about an hour in which participants are all
simultaneously online and are recruited with the promise of monetary payments. Whether this
scales up to large groups over longer periods of time is an open question.
We will demonstrate in this paper that assortment is not sufficient to derive high levels of
contributions in online collaboration [8]. Our analysis shows that at least two different types of
strategies of making voluntary contributions are needed to sustain an online community over a
longer period of time. One strategy (type A) aims at performing maintenance by doing simple
tasks, while the other strategy (type B) aims investing time in doing challenging tasks. We can-
not measure the motivations for those two strategies, but we hypothesize that the first may
related to reputation in the broader community, and the second to intrinsic motivations and
reputation among peers.
For our empirical analysis we investigate the answering records of nearly three million users
over a period of six years from 110 online communities. We find that strategy A are important
in decreasing the median waiting time for answers, while strategy B users help increase the
acceptance rate of answers. Meanwhile, we find that users tend to use the same strategy over
time within a communities, but may take different strategies across communities. This can be
explained by the different skill sets between users. For example, an expert in science and engi-
neering may try to answer challenging questions in the astronomy community, but only con-
tributes to easy questions in the poker community (see Fig 1). The comparison of overall size
across the studied communities suggests that a ratio approximates 2:1 between the population
of type A and B users is preferred for bigger communities.
We propose “attention network”models to study the effect of answering strategies on the
growth dynamics of communities. In attention networks nodes are questions and edges are the
successive answering activities of users that connect two questions. We developed a theoretical
network model in which the co-existence of two answering strategies B and A are represented
by the mixture of two linking dynamics, i.e., preferential attachment [9] and its “reversed” pro-
cess [10]. The mathematical analysis of this model not only supports the existence of a trade-
off between the two strategies, but also describes the consequences when the mixing ratio in a
community deviates from the optimal value. We predict that a community that has too many
type A users lacks high quality answers, thus can not attract new questions continuously. On
the contrary, a community of too many type B users will attract more new questions than it
can handle. In sum, a balance between these two strategies is necessary for the sustainable
growth of communities. At the end of the paper, we select three communities as typical cases
for analysis, including “math.stackexchange.com” (which has an optimal ratio), “astronomy.
stackexchange.com” (which contains too many type A users), and “electronics.stackexchange.
com” (which contains too many type B users).
Materials and Methods
Data source
Stack Exchange is a network of question and answer communities covering diverse topics in
many different fields. We downloaded its database dump on January, 2014 from https://
archive.org/details/stackexchange. This data set is a freely accessible, anonymized dump of all
user-contributed content on the Stack Exchange network provided by Stack Exchange, Inc.
under cc-by-sa 3.0 license (see https://creativecommons.org/licenses/by-sa/3.0/us/ for the
explanation of this license). The downloaded data set contained the log files of 110 communi-
ties. The smallest community italian.stackexchange.com was created in November, 2013 and
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has 374 users, 194 questions, and 387 answers in our data set. The largest site stackoverflow.
com (SO) was created in July, 2008 and has 2,728,224 users, 6,474,687 questions and
11,540,788 answers.
Stack Exchange uses a variety of methods to prevent spamming and malicious edits. These
methods, including CAPTCHA (Completely Automated Public Turing test to tell Computers
and Humans Apart) systems, script detection heuristics, new users limits, collective flagging of
spam or offensive flags, auto-removal of items based on flags, and human moderators to handle
flagged items, work together to form a human-machine combined system that keeps answers
clean and effective [11]. Before analyzing the asking and answering activities of user we cleaned
the data such that every user who contributed to attention networks had a unique account in the
separated log file containing user profile data. This ensures that the activities under investigation
were generated by users who had passed the various anti-spammechanisms of Stack Exchange.
Measuring question difficulty and user expertise
We use the number of existing answers as a proxy for the “perceived difficulty” of questions
[12] in order to quantify the preference of users for challenging tasks. We firstly count the
Fig 1. A demonstration of how to measure the strategic persistence of users. Cikmeasures the consistency of the behavior of user i within community k.
As shown in Panel A, user 53 answeredm = 5 questions in astronomy.stackexchange.com during the time period of observation, and the number of existing
answers to these five questions, when they were answered, was qij = {1, 0, 0, 0, 3}. Thus we can calculate the group mean of existing answers as
qi ¼ 1m
Pm
j¼1 qij ¼ 4=5 ¼ 0:8. By comparing the group mean qi = 0.8 against the grand mean EðqiÞ ¼ 1n
PN
i¼1 qi ¼ 0:5 of n users in the community “astronomy.
stackexchange.com”, we know that user 53 takes strategy B to answer challenging questions in this community. As for user 53 there are only two out of five
answers that satisfy qij > E(qi), we calculate the consistency indexCik = 2/5 = 0.4. In Panel B, we identify the strategies taken by user 53 in each of the 23
communities he/she contributed to by comparing the group mean qi (blue triangles) against the grand mean E(qi) (red squares). It is observed that user 53
takes strategy A in 13 communities and take strategy B in the remaining 10 communities. We identify strategy A as the majority strategy of user 53 and
calculate the corresponding fraction 13/23, which is then normalized to obtainHi = ((13/23) − 0.5)(1 − 0.5) = 0.13.
doi:10.1371/journal.pone.0149151.g001
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number of existing answers qij to a question j when a user i responds to it. Then we average this
number over them questions answered by user i to derive the average perceived difficulty as
qi ¼ 1m
Pm
j¼1 qij. After that, we use the grand mean of difficulty preferences in a community con-
taining n users, which is EðqiÞ ¼ 1n
Pn
i¼1 qi, as the threshold to separate users taking strategy A
(qi< E(qi)) from users taking strategy B (qi E(qi)) (Fig 2A). To show that these two groups
of users are systemically different from each other, we compare them on other three variables,
including the average TrueSkill score [13, 14] of answered questions (Fig 2B), the average age
of answered questions (Fig 2C), and the acceptance rate of answers (Fig 2D).
The TrueSkill algorithm is a Bayesian ranking algorithm that estimates the skill levels of
game players from competition results [13]. Liu et al. first proposed using the TrueSkill algo-
rithm to estimate the difficulty of questions and the skill level of answerers [14]. In our research
we use TrueSkill to validate the difference between strategies A and B. In our research we
obtain the TrueSkill scores of 912,082 users and 3,771,021 questions in the SO community
(please see Figure S1 in S1 File for the details of calculation). As show in Fig 2B, the average
TrueSkill scores of questions answered by users taking strategy B are always greater than that
of users taking strategy A. (Fig 2B). In our opinion this result validates our division of the two
groups. Meanwhile, we find that the TrueSkill scores of users are positively correlated with
their reputation points in the log files (Pearson coefficient ρ = 0.29, p-value< 0.001), justifying
the validity of using TrueSkill score as a measure of user skill level.
Quantifying the strategic persistence of users
We define two indices Cik andHi to quantify the strategic persistence of users within and across
communities, respectively (Fig 1). Cikmeasures the consistency of the behavior of user i within
community k. As shown in Fig 1A, for user 53 we calculate the group mean of existing answers
as qi ¼ 1m
Pm
j¼1 qij ¼ 4=5 ¼ 0:8, in which qij = {1, 0, 0, 0, 3} andm = 5. By comparing qi = 0.8
against EðqiÞ ¼ 1n
Pn
i¼1 qi ¼ 0:5 in the community “astronomy.stackexchange.com”, we can
affirm that user 53 tends to adopt strategy B (i.e., answer challenging questions within the com-
munity). By analyzing every single answer of user 53 we find that there are only two out of five
answers that satisfy qij> E(qi). We define Cik = 2/5 = 0.4. It is easy to know that Cikmay take
any values between 0 and 1 and a value close to 1 implies a high level of strategic persistence
over time.
We find that user 53 contributes to 23 communities during the time period under investiga-
tion. More specifically, he/she takes strategy A in 13 communities and strategy B in the
remaining 10 communities. We identify A as the major strategy of user 53 and count the cor-
responding fraction 13/23. This variable varies from 0.5 (if a user randomly switches between
the two strategies across communes) to 1 (if a user sticks to one strategy). We normalize it
between 0 and 1 as Hi = ((13/23) − 0.5)(1 − 0.5) = 0.13 so it is comparable with the other index
Cik.
Constructing attention networks
The answering strategies of individual users can be understood from a network perspective, in
which two questions are connected if they are answered sequentially by the same users (see
Figure S3 in S1 File for the details). From this perspective, Q&A communities are growing net-
works with increasing nodes (questions) and links (answers). We call them “attention net-
works” because they show the transportation of collective attention in solving problems.
Attention networks translate answering strategies into linking dynamics; hence provide a
quantitative, predictive model for us to explore the collective answering behavior of users.
Diverse Strategies in Knowledge Production
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Fig 2. Two answering strategies in the “stackoverflow.com” (SO) community. Each data point shown in the background is a user. For each user, we
plot four variables against the expertise score calculated using the TrueSkill algorithm [13]. These variables include the average number of existing answers
to questions when they are selected by the user under investigation (Panel A), the average difficulty of selected questions (Panel B), the average age of
selected questions (Panel C), and the overall acceptance rate of answers (Panel D). We use the mean value of the first variable across all users in the SO
community, that is, the number of existing answers to questions (Panel A), as a threshold to separate users into two types, B (higher than threshold) and A
(lower than threshold). The proportion of type A users is 0.63 in the SO community. For each of the four variables, the linear-binned data points representing
the average values within groups are displayed to facilitate the comparisons between these two answering strategies [15]. It is observed that on average,
type A users (triangles) tend to choose newer and easier questions and have higher answer acceptance rates than type B users (circles). See online version
for color display.
doi:10.1371/journal.pone.0149151.g002
Diverse Strategies in Knowledge Production
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From empirical data we construct a growing attention network for each of the 110 commu-
nities. The network properties we are interested in include the cumulative number of nodes
(N) and edges (M), the daily increments of nodes (ΔN) and edges (ΔM), and the number of
links per node (m =M/N) and its daily increments (Δm = ΔM/ΔN).
Results and Discussion
Two answering strategies and the size of communities
We use the average number of existing answers to questions as a measure of one’s tendency to
approach challenging tasks and identify two strategies, A and B (see Fig 2 for details). Gener-
ally, users taking strategy A prefer easy, new questions and have a higher answer acceptance
rate than users taking strategy B, who tend to answer difficult, old questions. To validate our
classification on these two types of users we apply the TrueSkill algorithm [13], a Bayesian
ranking algorithm that estimates the skill levels of game players from competition results, to
calculate the expertise score of users [14]. We find that values of four variables under study,
including the average number of existing answers to questions, the average difficulty of ques-
tions, the average age of questions, and the acceptance rate of answers, are systematically differ-
ent between these two groups of users across all expertise levels. Meanwhile, the analysis of
variance (ANOVA) on these four variables also supports the assumption that these two groups
are significantly different from each other.
Two indices Cik andHi are proposed to measure the strategic persistence of users within
and across communities (see Materials and Methods for details). Both of these two metrics
vary from 0 to 1 and the larger value means the higher level of consistency (Fig 1). The idea
behind Cik is to identify the strategy user i takes in community k at first, and then count the
fraction of answers that support this strategy. To calculate Hi we identify the strategy user i
takes in each of the community he/she contributes to, and then select the major strategy used
and count the corresponding fraction of communities. We find that Ci> 0.5 andHi< 0.5 for
an average user in the Stack Exchange system (Fig 3), it means that users tend to stick to one
strategy within communities and switch between two strategies across communities. This can
be explained by the different skill sets of users. As illustrated in the example presented in Fig 1,
user 53, who may be an expert in science and engineering, tries to answer challenging questions
in the astronomy community, but has a tendency to answer easy questions in the poker com-
munity. We also analyze the relevance between the level of participation and strategic persis-
tence and it is observed that strategic persistence does not change with the number of answers
within communities but decreases with the number of communities (Fig 3). This, once again,
confirms that users tend to adopt a strategy and be consistent within one community, but tend
to switch strategy when answering in different communities.
It is natural to ask, at this stage, whether the mixing ratio of type A and B users has an effect
on the overall performance of communities. Two important indicators concerning the perfor-
mance of Q&A communities, the median waiting time for answers and the overall acceptance
rate of answers [11, 17], are considered in the current study. The waiting time is defined as the
time elapsed between two events, the posting of a question and the acceptance of the corre-
sponding answer. Median is used as the aggregation scheme, because the distribution of wait-
ing time contains a few extremely large values that may lead to biased results if mean value is
used instead [11]. The acceptance rate of answers is defined as the fraction of the questions in a
community that find a satisfying (accepted) answer. A good community is expected to have a
high acceptance rate of answers and short waiting time[11, 17].
As shown in Fig 4, we calculate the fraction of type A users a (a 2 [0, 1]) in each of the 110
communities and plot the two above discussed community performance indicators against a. It
Diverse Strategies in Knowledge Production
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is observed that type A users help decrease waiting time and type B users contribute to the
increase of answer acceptance rate. Therefore, a balance between these two types of users
should be carefully chosen in order to optimize the community performance. In Fig 4C we find
that the maximum of community size is achieved by the “stackoverflow.com” (SO) community
when a approximates 0.63, i.e., the ratio of type A users to type B users is roughly 2:1. In Fig 4A
we plot the number of monthly added questions and answers over time for each community,
which are colored by the derivation of the empirical mixing ratios from the optimal value. This
figure shows clearly how an oversupply of either type A or type B users leads to an unsustain-
able growth.
Fig 3. The strategic persistence of users. Panel A shows the distribution ofCi for each community k, k varies from 1 to 110 (the total number of communities
under study). These density curves are obtained by applying the Gaussian kernel density estimation [16] to fit the empirical distributions ofCi (it should be
noted that unlike a probability, a probability density function can take on values greater than one). We find that the distributions ofCi are unimodal, with mean
values varying from 0.65 to 0.75 across communities. In the inset we plot the mean values ofCi against community size (the total number of contributors in the
time period of observation). Each purple point presents a community, and the red circles show the values ofCi averaged within log bins. It is observed thatCi
does not change with community size. Panel B gives the distribution of answers contributed by users within communities. This distribution exhibits the “long
tail” property but does not follow a simple Pareto distribution (the red line shows a Pareto distribution with exponent −1). The median andmean values of this
distribution are 2 and 15.8, respectively. In Panel C we plot Ci against the number of answers for each user (blue dots). The log-binned data (orange squares)
is provide to guide the eye. We find that, although the variance ofCi becomes larger within heavy users, the average value does not change dramatically with
the increase of contribution. Putting Panel A*C together, we conclude that users have a consistent behavior within communities. Panel D shows the
distribution ofHi of all users in the Stack Exchange system. This distribution is unimodal and the average value is 0.4. Panel E shows the distribution of the
number of contributed communities, which can be modeled as a two-regime power-law distribution [15] (showed by the yellow and red lines). The median and
mean values of this distribution are 1 and 1.1, respectively. This means that a majority of users contribute to only one community. Panel F shows that the
average value ofHi decreases when users are participating more communities. In Panel D and F we only present the data of the users who contribute to more
than three communities as otherwiseHiwould trivially equals 1 (if a user only contributes to one community) or switches between 0.5 and 1 (if a user only
contributes to two communities). Putting together Panel D* E we conclude that users tends to change their types across communities.
doi:10.1371/journal.pone.0149151.g003
Diverse Strategies in Knowledge Production
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From answering strategies to linking dynamics
We have shown a co-occurrence between an optimal ratio and the maximum community size.
However, why a deviation from this optimal ratio leads to small community size remains
Fig 4. The effect of the fraction of type A users on the performance of communities.We find that both of accepted answer rate (B) and median waiting
time (C) decrease with the increase of type A users. As a good community is expected to have a high accepted answer rate and a short waiting time of
answers [11, 17], our finding suggests that a balance between the two types of users should be carefully chosen in order to optimize the performance. In (B)
the regression coefficient is −0.48 and the p-value is 0.029. In (C) after removing the outlier (the data point in the gray circle) the regression coefficient is
−352.89 and the p-value is 0.107. Panel (D) suggests that the maximum size of communities is archived when a 0.63. Panel (A) shows the monthly
increased number of questions and answers of 110 sites, in which the upper bounds of bands show the number of answers and the lower bounds show the
number of questions. These bands are plotted in different colors to shown their derivation from the optimal ratio a = 63%. It is observed that the larger
deviation from the optimal ratio is related with more unsustainable growth. See online version for color display.
doi:10.1371/journal.pone.0149151.g004
Diverse Strategies in Knowledge Production
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unclear. Therefore, we develop a network model to quantify our assumptions on individual
answering strategies in order to analyze the consequences of different ratios.
We use “attention networks” to represent question and answer communities, in which
nodes are questions and edges are the sequential answering activities of users. In attention net-
works, answering strategies based on the number of existing answers to questions can be inter-
preted as degree-based linking dynamics. As type A users prefer easy questions (low-degree
nodes) and type B users favor difficult questions (high-degree nodes), when these two types of
users move to a new question from old questions, they bring connections to the new node
from old nodes of very different degrees. Therefore, we can naively assume that strategy A cor-
responds to “preferential attachment” [9], in which the rich get richer, and strategy B corre-
sponds to the reversed process of “preferential attachment” [10], in which the attractiveness of
a node decreases with its degree. The reversed “preferential attachment” process has been
observed in systems featured by the strong competition between nodes for limited resources,
such as food webs [18], power grids[19], and airport networks [20]. For example, in food webs
an outbound edge transport resources from a “prey” node to a “predator” node. If several
predators are fed on the same prey, it means that the supplied resources have to be split and
shared, thus the attractiveness of the prey node will decrease [18]. We argue that this effect
also exist in attention networks, in which questions are competing for the limited attention of
users.
We use f and 1 − f (f 2[0, 1]) to represent the probability of observing type A and B strate-
gies, respectively. Note that f is different from the empirical value of amentioned in the last
section, as a was not the fraction of activities but the fraction of users. Using f as a parameter
makes our model simple—so that we do not need to take care of the possible non-linear rela-
tionship between a and f, but our analysis can still provide insights into real systems, as it is
easy to understand that a and fmust be positively correlated. This is because f can be viewed as
the multiplication between two variables, the fraction of users a and answering frequency dis-
tribution w. As w is always positive, f changes in the same direction as a.
Combining “preferential attachment” and its revered version using the mixing ratio f, we
quantify the probability p(k) of a new question being connected to a existing similar question
of degree k as
pðkÞ ¼ f
1
kP
1
k
þ ð1 f Þ kP
k
: ð1Þ
In two extreme cases this model degenerates to the “preferential attachment”model (f = 0)
and the “reversed preferential attachment”model (f = 1), respectively. Using the master equa-
tion technique [21] we derive that the tail of the degree distribution will converge to
pk  ka ¼ k
3f
1f ; ð2Þ
in which the power exponent α has a minimum value 3 and always increases with f. We find
that for a majority of communities the empirical value of α lies in the scope of [3, 5] (Fig 5M),
supporting our derivation. As a larger power-law exponent implies higher equality in resource
distribution [15], our model suggests that type A strategy equalizes the allocation of attention
(edges) among nodes and increases the chance of a new question being answered.
Besides degree distribution, the discussed linking rules also explain several scaling relation-
ships observed in the growth dynamics of attention networks as presented by Fig 5 and men-
tioned in [22, 23]. Users are more likely to post questions when they search the Web and find
that a similar question has obtained many answers but their concerns have not been fully
addressed. As a consequence, a new question is more likely to be added to the network if the
Diverse Strategies in Knowledge Production
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Fig 5. The scaling properties of communities.We select “math.stackexchange.com” (a = 0.63, the first row) as the example for sustainable growth and
“gamedev.stackexchange.com” (a = 0.62, the second row) and “astronomy.stackexchange.com” (a = 0.67, the third row) as the examples for unsustainable
growth. In (A), (E), and (I) we plot the monthly increased number of questions (the lower bounds of the bands) and answers (the upper bounds of the bands)
against time. The rest of figures in the first three rows demonstrate the scaling behaviors of communities. In particular, the second column corresponds to Eq
4, the third column corresponds to Eq 5, and the fourth column corresponds to Eq 6. In these figures the OLS regression (gray) lines in logarithmic axes are
plotted to demonstrate the estimated scaling exponents. We find that as predicted by our model, in “gamedev.stackexchange.com” new questions increase
so fast (F) that they cannot be answered on time (G); while in “astronomy.stackexchange.com” questions are answered quickly (K) but the increase of new
questions is very slow (J). The last row gives the distributions of the four scaling parameters across the 110 communities. The mean values of the parameters
are 3.7 (α), -0.04 (η), -0.08 (δ), and 0.71 (γ). See online version for color display.
doi:10.1371/journal.pone.0149151.g005
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existing similar questions have more answers. To include this process in our model, we con-
sider node replication as the main driving force underlying network growth and allow high-
degree nodes to generate more new nodes. Considering the node-matching probability p(k)
given by Eq 1, we can calculate that the expected attractiveness of a single nodes is
EðkÞ ¼
Xkmax
k¼1
kpðkÞ  N1f2 : ð3Þ
Therefore, the expected number of new nodes generated by an existing node is E(k)Ng, in
which we use Ng to model the effect of network size. By summing E(k)Ng over all nodes in the
network we obtain the total number of new nodes as ΔN = E(k)Ng+1. Substituting this condition
into Eq 3 we derive the scaling relationship between the number of new and old nodes
DN  NZ ¼ N3f2 þg : ð4Þ
Note that if an old node generates many new nodes, then there will be a stronger competition
between these new nodes for edges. As a result, the cost of linking to an existing node is propor-
tional to its degree [10]. Meanwhile, it is reasonable to assume that new questions cannot
obtain an infinite number of answers but have a limited “quota” that approximates constant C.
Putting these two conditions together, we derive the expected number of links obtained by a
new node as Δm = CNh/E(k), in which Nh is the effect of network size. Using the conclusion of
Eq 3 we have
Dm  Nd ¼ Nf12 þh: ð5Þ
From Eqs 4 and 5 we can derive the scaling relationship between the number of new edges and
new nodes:
DM ¼ DmDN  DNg ¼ DNdZþ1 ¼ DN2ðhþgþ1Þ3fþ2g ð6Þ
To summarize, the above analysis explains why a balance between strategies A and B is cru-
cial to the growth of communities. On one hand, Eq 5 suggests that a community should have
more type A users to maintain the number of answers per question (larger δ); on the other
hand, Eq 4 suggests that a community should have more type B users to attract new questions
(larger η). As a balance, Eq 6 predicts that an optimal fraction of type A users, f = 3 + 2g, is pre-
ferred in order to maximize the value of γ, i.e., to match the growth of answers with the growth
of questions. As f and a are positively correlated, the derived optimimal value of f implies that
there is also an optimal value of a, which is consistent with our empirical observation.
Examples of successful and less successful communities
We select three communities to compare the consequences of different mixing ratios between
type A and B users, including a community for math questions (math.stackexchange.com, or
MATH in short), a community for questions about astronomy (astronomy.stackexchange.
com, or ASTR), and a community for questions about game development (gamedev.stackex-
change.com, or GAME). As show by Fig 5 (the first column), ASTR and GAME are not as suc-
cessful as MATH in maintaining a Sustained growth, and this is explained by our model.
The fraction of type A users in MATH is approximately 0.63, which is equal to the optimal
value. In contrast, ASTR has more type A users (a = 0.67). According to our model, questions
in ASTR will be addressed efficiently, but there will be a slow growth of new questions. This
prediction is supported by Fig 5k, which shows that the average number of answers to new
Diverse Strategies in Knowledge Production
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questions is increasing, and Fig 5J, which shows that the increase of new questions slows down
as time goes on. In contrast, GAME has a few more type B users (a = 0.62) than the optimum.
According to our model, in this community new questions will increase fast such that they can
not be answered promptly. The fast increase of new questions is evidenced in Fig 5F, and the
decrease of answers per question is observed in Fig 5G. It is interesting to note that ASTR is
one of the oldest knowledge domains and GAME is a new, fast developing field. Thus, it seems
that neither simply being fashion or classic guarantees prosperity, instead, the sustained growth
of a community comes from a balance between contributions of diverse users.
Conclusions
We look at online communities as natural experiments for collective action problems. Our
results imply that assortment is not sufficient to derive high levels of contributions in massive
collaboration. Instead, strategic diversity seems to be the key for sustainable online communi-
ties. In the Stack Exchange datasets, a mixing ratio of 2: 1 between two types of users is found
to maximize the size of communities. Type A users have a tendency to answer easy, new ques-
tions and type B users prefer to answer difficult, old questions. We propose an attention net-
work model to quantify the answering strategies of users and to explain the existence of an
optimal mixing ratio between the strategies. Our conclusion is that type A users contribute to
the number of answers and type B users contribute to the quality of answers, thus both of them
is crucial to the development of communities.
Our work generalizes the models of Barabasi et al. [9] and Sevim et al. [10] to study large-
scale cooperation in online communities. The present analysis on attention networks can also
be applied to model a variety of other online collective behaviors such thread browsing [24],
photo tagging [25–27], and news sharing [28]. The current study also leaves some limitations
behind, which point out the directions of future work. For example, to obtain a simple math
model we polarize the rich behaviors of users into two extreme strategies. Meanwhile, in the
network model we naively assume that the mixing ratio between the two strategies (linking
rules) is a constant over time. In future studies we may consider a ratio that changes with time.
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